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Abstract

In thispaper, we proposetheapplicationof theKernelPCAtechniquefor feature
selectionin high-dimensionalfeaturespacewhereinput variablesaremappedby
aGaussiankernel.Theextractedfeaturesareemployedin theregressionproblem
of estimatinghumansignaldetectionperformancefrom brain event-relatedpo-
tentialselicitedby taskrelevantsignals.Wereportthesuperiorityof KernelPCA
for featureextractionover linearPCA.

1 Introduction

In many safety-criticalapplications(e.g., air traffic control, power plant operation,
military applications)control is basedon theability of humanoperatorsto detectand
evaluatetask-relevantsignalsin thepresentedvisualdata.Performancequalityof ope-
ratorsvariesover time,oftenfalling below acceptablelimits, andmayresultin errors
with potentiallyseriousconsequences.Thelikelihoodof sucherrorscouldbereduced
if physiologicalmethodsfor assessmentof humanperformancewereavailable.

A fundamentalpart in thedevelopmentof sucha methodis to constructa model
reflectingthedependencebetweenselectedphysiologicalmetricsof mentalworkload
(e.g.,Event-RelatedPotentials(ERPs))andthe performancecharacteristicsof a hu-
manoperator(reactiontime, accuracy, andconfidence).Prior researchhasdemon-
stratedthat linear regressionandnonlinearneuralnetworks canmodel the relation-
shipsbetweenERPsandperformance(see[1, 2, 3] andref. therein).However, when
we attemptto developsucha modelwe areconfrontedwith thecurseof dimension-
ality, which arisesfrom thecomplexity of physiologicaldata.For example,225data
samples(dimensions)arerequiredto describeasingle1.5ssegmentof ERPdatafrom
threeelectrodes.To addressthis problem,we can accepttwo generalassumptions
aboutthe real world datasets.First, thereexist somecorrelationsamonginput vari-
ables;thusdimensionalityreductionorso-calledfeature extraction allowsusto restrict
theentireinput spaceto a sub-spaceof lower dimensionality. Second,in many prac-
tical problemswe canassumea smoothmappingfrom input to outputspace;thuswe



caninfer the valuesof the outputfor pointswhereno input dataareavailable. This
canbedoneby anappropriateregularizationtechnique.

In this study, we haveusedtherecentlyproposedKernelPCA [4] methodfor fea-
ture selectionin kernelspace.This allows us to obtainfeatures(nonlinearprincipal
components)with higher-ordercorrelationsbetweeninput variables,andsecond,we
canextractmorecomponentsif thenumberof datapointsis higherthantheir dimen-
sionality[4]. TheideabehindKernelPCA[4] is basedoncomputationof thestandard
linearPCA in a high dimensionalfeaturespace

�
(with dimension� ∞), into which

theinput datax � R � aremappedvia somenonlinearfunctionΦ � x � . To this end,we
computeadotproductin space

�
usingakernelfunction,i.e. K � x � y ���	� Φ � x ��
Φ � y ��� .

This ’kerneltrick’ allowsusto carryoutany algorithm,e.gSupportVectorRegression
(SVR) [5], that canbe expressedin the termsof dot productsin space

�
. Next, we

usedselectedfeaturesto train SVR andKernelPrincipalComponentRegressionto
estimatethe dependency betweenERPsand the performanceof the individual sub-
jects.Theresultssuggestthesuperiorityof (nonlinear)KernelPCAfor featureextrac-
tion over linearPCA in somecases.

2 Methods

2.1 Kernel PCA, Multi-Layer SVR and Kernel PCR

ThePCA problemin high-dimensionalfeaturespace
�

canbeformulatedasthedia-
gonalizationof an-sampleestimateof thecovariancematrixĈ � 1

n ∑n
i 
 1 Φ � xi � Φ � xi � T �

whereΦ � xi � are centerednonlinearmappingsof the input variablesxi ����� , i �
1 ��
�
�
�� n. The diagonalizationrepresentsa transformationof the original datato new
coordinatesdefinedby orthogonaleigenvectorsV. We have to find eigenvaluesλ � 0
andnon-zeroeigenvectorsV � � satisfyingthe eigenvalueequationλV � ĈV 
 Re-
alizing, thatall solutionsV with λ �� 0 lie in thespanof mappingsΦ � x1 ����
�
�
�� Φ � xn ���
Scḧolkopf et. al. [4] derivedthe equivalenteigenvalueproblemnλv � Kv � wherev
denotesthecolumnvectorwith coefficientsv1 ��
�
�
�� vn suchthatV � ∑n

i 
 1 viΦ � xi � and
K is asymmetricn � n matrixwith Ki j ��� Φ � xi ��
Φ � x j ��� : � K � xi � x j � . Normalizingthe
solutionsVk correspondingto thenon-zeroeigenvaluesλk of thematrix K, translates
into theconditionλk � vk 
 vk ��� 1 [4]. Finally, we cancomputetheprojectionof Φ � x �
ontothek-th nonlinearprincipalcomponentby

q � x � k : ��� Vk 
Φ � x �����
n

∑
i 
 1

vk
i K � xi � x ��
 (1)

Wethenselectthefirst r nonlinearprincipalcomponents,e.g.thedirectionswhich
describea desiredpercentageof datavariance,and thus work in an r-dimensional
sub-spaceof featurespace

�
. This allows us to constructmulti-layersupportvector

machines[4], wherea preprocessinglayerextractsfeaturesfor thenext regressionor
classificationtask.In our studywe focuson theregressionproblem.

Generally, the SVR problem(seee.g.[5]) canbe definedasthe determinationof
function f � x � w � which approximatesanunknown desiredfunctionandhasthe form
f � x � w ����� w 
Φ � x ��� � b � whereb is an unknown bias term, w � � is a vector of



unknown coefficientsand � w 
Φ � x ��� is a dot productin space
�

. In [7] thefollowing
regularizedrisk functionalis shown to computetheunknown coefficientsb andw:

Rreg � w ��� 1
n

n

∑
i 
 1

!
Err

!
ε � η

2

"
w
" 2 � (2)

whereErr � yi # f � xi � w � , η � 0 is a regularizationconstantto control the trade-
off betweencomplexity andaccuracy of the regressionmodeland

!
Err

!
ε is Vapnik’s

ε-insensitive loss-function[7]. In [7] it is shown that the regressionestimatethat
minimizesthe functional (2) hasthe form: f � x � a � a $��%� ∑n

i 
 1 � a $i # ai � K1 � xi � x �&� b �
where ' ai � a $i ( n

i 
 1 areLagrangemultipliers[5].
Combining the Kernel PCA preprocessingstepwith SVR yields a multi-layer

SVR in thefollowing form [4]: f � x � a � a $)��� ∑n
i 
 1 � ai # a $i � K1 � q � xi ��� q � x ���*� b, where

componentsof vectorsq ��
 � are definedby (1). However, in practicethe choiceof
appropriatekernelfunction K1 ��
���
 � canbe difficult. In this study, a polynomialker-
nel of first orderK1 � x � y ���+� x 
 y � is employed. We arethusperforminga linearSVR
on the r-dimensionalsub-spaceof

�
. The advantageof linear SVR over ordinary

linear regressionis the possibility of using a large variety of loss functionsto suit
differentnoisemodels[5], e.g. theproposedVapnik’s ε-insensitive function is more
robust for noisedistributions close to uniform. However, in the caseof Gaussian
noisethe bestapproximationto the regressionprovidesa loss function of the form
L � yi � f � xi � c ���,�.- yi # f � xi � c �0/ 2. Therefore,we useda KernelPrincipal Component
Regression1 techniquewhich minimizesthefollowing risk functional

Rpcr � c ��� 1
n

n

∑
i 
 1

- yi # f � xi � c �0/ 2 


Thesolution f � x � c � hastheform

f � x � c ���
r

∑
k 
 1

bkq � x � k � b0 �
r

∑
k 
 1

bk

n

∑
i 
 1

vk
i K � xi � x �*� b0 �

n

∑
i 
 1

ciK � xi � x �*� b0 �

where ' ci � ∑r
k 
 1 bkvk

i ( n
i 
 1 and ' q � x � k ( r

k 
 1 areagaindefinedby (1). Thecoefficients
' bk ( r

k 
 0 canbefoundby solvingthenormal equations for leastsquaresestimation.

2.2 Data Sample Construction

We haveusedERPsandperformancedatafrom anearlierstudy[2]. Eight maleNavy
techniciansexperiencedin theoperationof displaysystemsperformeda signaldetec-
tion task. Eachtechnicianwastrainedto a stablelevel of performanceandtestedin
multiple blocksof 50–72trials eachon two separatedays.Blockswereseparatedby
1-minuterest intervals. A setof 1000trials wereperformedby eachsubject. Inter-
trial intervals wereof randomdurationwith a meanof 3s anda rangeof 2.5–3.5s.
The entireexperimentwascomputer-controlledandperformedwith a 19-inchcolor
CRT display. Triangularsymbolssubtending42 minutesof arcandof threedifferent
luminancecontrasts(0.17, 0.43, or 0.53) werepresentedparafoveally at a constant

1A moredetaileddescriptionof aPrincipalComponentRegressionis givenin [6].



eccentricityof 2 degreesvisual angle. Onesymbolwasdesignatedasthe target, the
otherasthenon-target. On someblocks,targetscontaineda centraldot whereasthe
non-targetsdid not. However, theassociationof symbolsto targetswasalternatedbe-
tweenblocksto prevent the developmentof automaticprocessing.A singlesymbol
waspresentedper trial, at a randomlyselectedpositionon a 2-degreeannulus.Fix-
ationwasmonitoredwith an infraredeye trackingdevice. Subjectswererequiredto
classifythesymbolsastargetsor non-targetsusingbuttonpressesandthento indicate
their subjective confidenceon a 3-point scaleusinga 3-buttonmouse.Performance
wasmeasuredasalinearcompositeof speed,accuracy, andconfidence.A singlemea-
sure,PF1,wasderivedusingfactoranalysisof theperformancedatafor all subjects,
andvalidatedwithin subjects.Thecomputationalformulafor PF1was

PF1= 0.331 Accuracy + 0.531 Confidence- 0.511 ReactionTime

usingstandardscoresfor accuracy, confidence,andreactiontime basedon themean
andvarianceof their distributionsacrossall subjects.PF1variedcontinuously, be-
ing high for fast,accurate,andconfidentresponsesandlow for slow, inaccurate,and
unconfidentresponses.

ERPswererecordedfrom midline frontal,central,andparietalelectrodes(Fz,Cz,
andPz),referredto averagemastoids,filtereddigitally to a bandpassof 0.1 to 25 Hz,
anddecimatedto a final samplingrateof 50 Hz. The prestimulusbaseline(200 ms)
wasadjustedto zero to remove any DC offset. Vertical andhorizontalelectroocu-
lograms(EOG) were also recorded. Epochscontainingartifactswere rejectedand
EOG-contaminatedepochswerecorrected.Furthermore,any trial in which no detec-
tion responseor confidenceratingwasmadeby asubjectwasexcludedalongwith the
correspondingERP.

Within eachblock of trials, a running-meanERP was computedfor eachtrial.
Eachrunning-meanERPwastheaverageof theERPsoverawindow thatincludedthe
currenttrial plusthe9 precedingtrials for amaximumof 10 trialsperaverage.Within
this10-trialwindow, aminimumof 7 artifact-freeERPswererequiredto computethe
running-meanERP. If fewer than7 wereavailable,therunningmeanfor thattrial was
excluded.Thuseachrunningmeanwasbasedonatleast7but nomorethan10artifact-
freeERPs.This10-trialwindow correspondsto about30sof tasktime. ThePF1scores
for eachtrial werealsoaveragedusingthesamerunning-meanwindow appliedto the
ERPs,excludingPF1scoresfor trials in which ERPswererejected.Prior to analysis,
therunning-meanERPswereclippedto extendfrom time zero(stimulusonsettime)
to 1500mspost-stimulus,for a totalof 75 timepoints.

3 Results

Thepresentwork wascarriedout with Gaussiankernels;K � x � y ��� e 243)5 x 6 y 5 2L 7 , where
L is the width of the Gaussianfunction. The desiredoutputPF1 was linearly nor-
malizedto have a rangeof 0 to 1. We trainedthe modelson 50% of the ERPsand
testedontheremainingdata.Thedescribedresults,for eachsettingof theparameters,
arean averageof 10 runseachon a differentpartition of training and testingdata.
Thevalidity of themodelswasmeasuredin termsof theproportionof datafor which



PF1wascorrectlypredictedwith 10% tolerance,i.e 8 0 
 1 in our case. The perfor-
manceof aRegularizedGaussianRBF(rGRBF)network [8] andSVRtrainedondata
pre-processedby linear PCA (LPCA) in input spacewascomparedwith the results
achievedby multi-layer SVR (MLSVR) andthe proposedKernelPrincipalCompo-
nentRegression(KPCR)on featuresextractedby KernelPCA. In bothcaseswe used
features(principalcomponents)describing99%of datavariance.We usedε � 0 
 01,
η � 0 
 01parametervaluesin thecaseof SVR.TheresultsachievedonsubjectA (592
ERPs),B(614ERPs)andC (417ERPs)aredepictedin Figure1. On subjectsA and
B we canseeconsistentlybetterresultson featuresextractedby KernelPCA(top and
middleleft graphs).ThesesuperiorresultsachievedusingKernelPCA representation
werealso observed on the remainingfive subjects. In addition, we canseethat in
all casesthe SVR wassuperiorto rGRBF on inputsextractedby linear PCA (right
graphs).We have to notethaton all subjectsweachievedsimilar resultswith features
describing98%of datavariance.Without thePCApreprocessingstepin featurespace�

we did not increasetheoverall performance.On thecontrary, on four subjectsthe
performancewason averagedecreasedby 0.5%on testproportionerror.
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Figure1: Comparisonof theresultsachievedon subjectsA, B andC.



4 Conclusions

Theselectionof appropriatefeaturesfor regressionhasbeeninvestigated.Onsubjects
A andB we demonstratedthat (nonlinear)KernelPCA providesa superiorrepresen-
tationof thedatasetover thatof linearPCA.However, on subjectC theperformance
with featuresselectedby linear PCA was slightly better. We have to note, that in
this casethe dimensionof matrix K in featurespace

�
is lower (209) than the in-

put dimensionality(225), thus we can not exploit the advantageof Kernel PCA to
improve overall performanceby using more componentsin featurespacethan the
numberavailable in the input space. We usedfeaturesdescribing99% of the data
variancethat for differentparameterL represents70–90%of all nonlinearprincipal
componentsandwe showedthat sucha reductionof high-dimensionalfeaturespace�

doesnot decreasetheoverall performance.Moreover, this canbe seenasthe de-
noisingtechniqueassumingthat thenoiseis spreadin directionswith smallvariance.
On all subjects,we demonstratedthat theperformanceof SVR on featuresextracted
by linearPCA wassuperiorto RegularizedGaussianRBF.
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